This paper presents company's going concern evaluation by using a fuzzy model 
Introduction
The going concern evaluation is a significant argument that a company will continue to operate for an indefinite period of time or at least for the "foreseeable future", i.e. long enough to meet its objectives and fulfill its commitments.
Consequences of national economic and global crisis, the increasing number of bankrupt companies have to look for new ways and methods in order to evaluate more accurate company's situation and the possibility of going concern.
The topic of going concern evaluation is mostly indentified with bankruptcy prediction in the scientific literature. According to Aziz & Dar (2006) statistical models are used in about 64% of case studies, soft computing techniques are used in 25% and other types of models are used in 11%. Discriminant analysis and regression methods dominate in classical statistical models. The soft computing techniques are a separate research area, which is understood as a problem solving way with the help of artificial intelligence. A fuzzy logic is one of the soft computing methods and it is not widely applied in financial area. The fuzzy logic allows approximately but efficiently to describe complex nonlinear dynamic systems, which mathematical equations are complicated.
The evaluation of company's going concern using the fuzzy logic models in most articles use only financial ratios, and results are compared with other types of models (McKee, 1997; 2000 Matviychuk, 2010 Karami et al., 2012; Korol, 2010; 2011; 2012) or only non-financial activity data -SWOT (Pesich et al., 2012) . Therefore, the problem is that there is a lack of going concern models that evaluate both financial and non-financial data.
The main purpose of the paper is to evaluate company's going concern by using the fuzzy model and to show its adequacy experimentally.
The approach of the fuzzy logic is used for designing and evaluating the company's going concern. The model parameters are estimated by using research data, statistical methods and various financial ratios data from real companies. Groups of financial ratios are chosen by authors McKee (1997; 2000) , Korol (2010) , Mackevičius (2010) . The absolute financial indicators are estimated from real companies' financial reports. The model activity indicators and their values are obtained using the structural questionnaire, the logical analysis of data and a synthesis.
The model adequacy is showed by comparing its evaluation results (using different financial ratios groups) with Altman Z score, Taffler models and the real company's situation. The model is suitable to apply in several areas: performing the company's bankruptcy diagnostics, performing the company's financial and internal audit and evaluating its going concern, developing the company's strategy, evaluating the company's credit risks and etc.
Fuzzy modeling
The fuzzy logic allows even approximately but effective to describe the behavior of complex nonlinear dynamic systems, which usually have sophisticated description and analysis using classical mathematical equations. In general, the fuzzy logic model has these components: the fuzzification of inputs, the inference mechanism, that maps inputs to outputs with the rule base and the defuzzification of output fuzzy set for crisp output calculation (Passino, Yurkovich, 1998) .
Fuzzification
The fuzzification mechanism converts inputs to fuzzy sets, which are represented as membership functions of any shape. This means that during the fuzzification process system inputs are approximated by using the fuzzy logic sets, which are represented as membership functions. Membership functions may have various shapes: triangular, Gaussian, trapezoidal, S-form and etc. The membership degree to the fuzzy set is defined by using the membership functions and its values, which are from the interval [0; 1] (Passino, Yurkovich, 1998) .
Rule base
The mapping between inputs and outputs is defined by using the rule base, which is composed as a set of "IF-THEN" rules. For the definition of the rule base, experts apply "linguistic descriptions", i.e. linguistic variables are used to determine the system's inputs and outputs. For example, a linguistic input rate q i could have two linguistic values {negative, positive}, which are covered by using the appropriate form fuzzy logic sets during the fuzzification process. (Passino, Yurkovich, 1998) .
Inference mechanism
According to Passino, Yurkovich (1998) the inference mechanism combines the membership degree of each fuzzy set by using a logical operator in IF part of the rule and defines the firing strength of each rule. The fuzzy logic sets obtain the same operations as in unusual logic. For instance, it is possible to apply a conjunction, an intersection, a Cartesian product, divide into subsets and etc.
Hence the inference mechanism has two main tasks: 1. To define scopes, where each rule is actual in the current situation, which is characterized by inputs u i , where i=1..n (this task is called a "matching"), here it is determined which rule fires with given values of inputs u i . Usually the rule fires when the fuzzified value of its inputs is greater than 0 and such inputs are relevant for the current situation. 2. To make consequences by calculating a fire strength using the current values of inputs u i and information defined by the rule base (this task is called a "comparison").
Defuzzification
A defuzzifier accepts information from all rules and using it takes the last decision. There are a lot of defuzzification methods: Centroid Average (CA), Center of Gravity (COG), Mean of Maximum and etc. The presented model uses a weighted average method for the defuzzification. The zero order Takagi-Sugeno fuzzy system (Abonyi, 2003 ) is used to calculate consequences.
If system's functions f h are determined as the zero order Takagi-Sugeno fuzzy system, which is stated as a set of rules (where u is a system's input, A is an input covering the fuzzy set): where N -an amount of fired rules, p -a coefficient which is in the rule base and corresponding to fired rule. The strength of fired rule  j , is calculated using this equation:
(n -an amount of fuzzy sets in the rule, A -fuzzy sets) (Abonyi, 2003) .
Company's going concern evaluation Fuzzy model
The company's going concern evaluation fuzzy model consists of (presented in Figure 1 ):  Financial data evaluation subsystems: o Absolute indicators evaluation; o Ratios evaluation; o Bankruptcy prediction evaluation.  Activity indicators evaluation;  Evaluation results generalization subsystem. The evaluation decision is made using the fuzzy logic in all subsystems except bankruptcy prediction. The inputs of each model subsystem consist of certain indicators collection, where each input is covered by two fuzzy sets (which are described using linguistic variables {0 -negative, 1 -positive}) and the shape of the membership function is triangle. "And" operators of "If-Then" rules part "if" are replaced by using product (eq.2). The weighted average method and the zero order Takagi-Sugeno rule base are used for the defuzzification as it is defined in eq.1. ,
The evaluation results of each subsystem are combined in the evaluation results generalization subsystem, which provides the last quantitative evaluation result.
The model parameters are estimated using scientific researches, statistical methods (a mean, a standard deviation), financial data of real companies (undergoing bankruptcy procedures and already bankrupt).
The model evaluation result shows how much the company is close to going concern interruption by providing quantitative evaluation value, which is from the interval [0;1], where if a result is less than 0,5 then the evaluation is negative, and if more than 0,5 then the evaluation is positive.
Figure 1. Company's going concern evaluation fuzzy model

Absolute financial indicators evaluation subsystem
This subsystem uses absolute and percentage changes of companies' financial statements: assets, amounts receivable within a year, sales revenues, current and non -current liabilities, net profit. These indicators are used as the subsystem inputs. The membership function's centers for this subsystem are {-0.1;0.1}, which means that if the indicator's value is increased over 10%, then the situation is positive and if the indicator's value is decreased over 10%, then the situation is negative.
Ratios evaluation subsystem
Three ratios collections are evaluated in the financial ratios evaluation subsystem. The ratios collections are sorted according to the recommendations for bankruptcy prediction of the scientists Korol (2010; 2011; 2012) , McKee (1997; 2000) and Mackevičius (2010) . McKee (1997; 2000) ratios collection is selected in accordance to Hopwood, McKeown and Mutchler (1989) studies, using ratios, which were selected in Beaver (1966), Deakin (1972) and Libby (1975) works. Korol (2010; 2011; 2012) and Mackevičius (2010) recommend to use more financial ratios for companies' bankruptcy prediction. They are presented in the Table 1 . Korol (2010; 2011; 2012) , McKee (1997; 2000) , Mackevičius (2010) 
Non financial indicators evaluation subsystem
A selection of indicators of non-financial activity evaluation subsystem is based on Dujardin (2009) according to Blazy and Comber (1997) , another scientific literature, and examples of events or conditions presented in ISA 570. The input data of the activity indicators evaluation subsystem is received using the structural questionnaire, the logical analysis of the data and the synthesis. The questions are categorized into indicators by six evaluation areas: management, market, resources, legal framework, financial and accidental events. Activity and other non-financial features are transformed into the questions with answers "yes" or "no" and are integrated into model's nonfinancial activity subsystem. The assumption is made that all answers have the same weight and the questions are provided to evaluate the company's situation during one reporting year.
The answers are converted to 1 or 0 by its corresponding feature's positive or negative influence to the company's activity. When the influence is positive, then the value is one, when the influence is negative, then the value is equal to zero. The corresponding question's indicators value is obtained by calculating the mean of provided answers k values by all respondents, as depicted in the equation: ,
where c -a question's index in the questionnaire, Q c -an indicator's value corresponding to the question, n c -an amount of respondents, a i,c -a question's answer value from a set {0; 1}. Indicators Q c values are from the interval [0;1], and an input vector of the activity indicators evaluation subsystem is:
If questions are combined to indicators, so the value of each indicators Q may be calculated using this equation:
, (5) where K c -is an amount of questionnaire indicators, and other parameters are the same as in the equation 3. The subsystem inputs covering the membership function's centers are {0,1}, because the value of indicators Q is from the interval [0;1].
Bankruptcy prediction evaluation subsystem
There are applied Altman Z-score (1983) or Taffler (1977) bankruptcy prediction models in this subsystem. The research made by Garškaitė (2008) showed that Altman and Taffler models are more useful for bankruptcy prediction of Lithuanian companies than the models of Zavgren and Chesser.
It was chosen Altman Z-score (1983) bankruptcy prediction model, which may be applied for companies whose shares are unlisted on the Stock Exchange.
The mathematical expression of this bankruptcy prediction model is: 
where: X 1 -working capital/total assets, X 2 -retained earnings/total assets, X 3 -EBIT/total assets, X 4 -book value/total liabilities, X 5 -sales/total assets.
If the model provides a score which is less than 1.23, then it indicates the company's bankrupt and if the score is greater than 2.90, then it indicates that the company will not bankrupt. The company with scores between 1.23 and 2.90 are determined to exist in the grey area of ignorance (Altman, 1993 ). Altman new model produces similar results as the original Z-score model, indicating 90,9% accuracy in bankruptcy prediction at least one year prior to actual failure. The companies with scores over 2.90 have a 97% chance of continuing operations with financial health (Altman, 1993) . Taffler (1977) has proposed the bankruptcy prediction model, which is defined in the equation:
where ratios are: X 1 -profit before taxes/current liabilities, X 2 -current assets/ total liabilities, X 3 -current liabilities/ total assets, X 4 -working capital/ operating costs.
Estimating the company's situation according to Taffler (1977) , the model is determined by such limits: if the z score is over 0.3, then the company's further activity is pretty perspective. If the z score is under 0.2, then it indicates the company's bankruptcy. According to the scientific research this model has 97 percent accuracy in bankruptcy prediction at least one year to failure.
Evaluation results generalization subsystem
The purpose of this subsystem is to combine the evaluation results of other subsystems and to provide the one general quantitative evaluation result. The input vector of this subsystem is [y 1 ', y 2 ', y 3 ', y 4 '], where y i '-is the evaluation result of the appropriate subsystem. All inputs are covered by using two fuzzy sets, the inputs that are from the subsystems, where the fuzzy logic is used, have the membership functions with centers {0,1}. The membership function's centers of the input, which is from the bankruptcy prediction subsystem, are:  {1,23;2,9} -if Altman model is used for evaluation,  {0,2;0,3} -if Taffler model is used for evaluation. The subsystem evaluation result is from the interval [0;1] and the calculated result y'' is defined as:
The assessor checks if the the result provided by the model is proper in the final phase. If the result is doubtful, then it is possible to return to the primary phase "Company's information". In this case it is necessary to change the model's indicators collections, to correct the current values of indicators, to correct the centers of input membership functions in the subsystems, which use the fuzzy logic and then to perform the company's going concern evaluation again.
Analysis of company's going concern evaluation fuzzy model
Six models' experiments are presented according to the applied ratios collections in the ratios subsystem and bankruptcy prediction model. These models are provided in Table 2 . Two sets of real companies' financial data (50 companies' data in each set) are used to test the accuracy of the model evaluation. One data set consists of bankrupt companies' data, another data set consists of existing companies' data. The test data applied to perform the evaluation are not used for the estimation of model's parameters. The evaluation results are compared between the models and with the prediction levels of Altman and Taffler models. The evaluation accuracy (%) is calculated by comparing the corresponding model evaluation with the real situation of the company. The negative or positive evaluation results are obtained from bankrupt or existing companies' financial reporting. The evaluation results of models' accuracy are presented in Table 3 . The experiments' results show that most accurate models for bankrupt companies are models 3 and 1, and the most accurate models for going companies are models 4, 2, 6.
The most accurate evaluation result in bankrupt companies' data set is 86% and it is provided by the model which uses the financial ratios collection recommended by Korol and the Altman bankruptcy prediction model. 84% accuracy evaluation result is achieved by using McKee financial ratios collection and Altman bankruptcy prediction model. The results show that the accuracy of the fuzzy model evaluations much better (14%-24%) compared to the prediction accuracy by Altman (72%) and Taffler (62%) models for bankrupt companies' dataset.
The most accurate result in going companies' dataset is 100% and it is provided by the model which uses Korol financial ratios collection and Taffler bankruptcy prediction model. Less accurate models (98%) are models which use the financial ratios collections provided by McKee and Mackevičius and Taffler bankruptcy prediction model. As results show, the fuzzy model's evaluation accuracy is almost equal to the prediction accuracy of Altman (92%) and Taffler (98%) for going companies' dataset.
Discussion
This paper analyzes the company's going concern evaluation by using the fuzzy logic, financial and nonfinancial information of the company. The results of the experiments show that the suggested model evaluates company's situation more accurately in comparison to Altman or Taffler bankruptcy prediction models, especially evaluating bankrupt companies. The evaluation accuracy of the fuzzy model is 86% when evaluating bankrupt companies' dataset and 100% when evaluating going companies' dataset. Evaluating companies with Altman and Taffler bankruptcy prediction models separately, Altman model's accuracy is 72% and 92%, Taffler model's accuracy is 62% and 98% for bankrupt and going companies' datasets.
The experiments' results show that the most accurate fuzzy model evaluation results are for:  bankrupt companies' dataset when using ratios provided by Korol in financial ratios subsystem and Altman bankruptcy prediction model combined with absolute financial and activity evaluation subsystems,  going companies' dataset when using ratios provided by Korol in financial ratios subsystem and Taffler bankruptcy prediction model combined with absolute financial and activity evaluation subsystems. Combining financial and non-financial information the evaluation of company's going concern is more accurate than using only financial information about the company.
